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HumanUsing a new approach, I analysed human transcriptome coexpression network and revealed two large-scale
nexuses. Besides gene coexpression, each nexus is characterized by a combination of gene evolutionary
origin, function and among-tissues expression breadth. The ﬁrst nexus contains mostly genes of pre-
metazoan origin, which are widely expressed and have cell-centred functions. The second nexus is enriched
in genes of metazoan origin, which are expressed more narrowly and have organism-centred functions. The
revealed nexuses are supported by asymmetry in distribution of transcription factor targets between them.
Within the metazoan nexus, there is a subnexus that is more pronounced in the nervous tissues and is
enriched in gene regulatory complexity. It mostly contains genes related to nervous system, cell
communication and multicellular organism processes and development. The revealed nexuses indicate a
dichotomy in the transcriptional regulation and can provide a framework for further functional genomics
studies.ll rights reserved.© 2010 Elsevier Inc. All rights reserved.Introduction
Networks of coexpressed genes form a core of organismal systems
because they control theﬂowof information fromgenome tophenotype.
Taking into account a surprisingly low number of genes in the complex
organisms(compared to the simple ones), it is reasonable to suggest that
it is the combinationof genes in the coexpressed sets that is a keystone to
organismal complexity [1,2]. Domains of increased densities (modules)
of transcriptional networks present the intermediate structures between
the individual genes and the total network. Therefore they can be crucial
for organismal regulation. It is known that modularity is an important
property of cellular networks, which often contrasts them with
theoretical gene duplication-and-divergence models [3,4].
The studies of transcriptomenetworksweremadewith emphasis on
various biochemical pathways and other small-scale and meso-scale
modules [5–11]. They established that comparing analyses of correlated
gene expression across data sets are suitable for deciphering biological
pathways and understanding gene function. However, the large-scale
structure and evolutionary context of the transcriptome networkswere
not elucidated. Selection forms networks in a piecemeal fashion [12],
which suggests that the evolutionary trajectory could be reﬂected in the
architecture of transcriptional networks. It is interesting to analyse
whether the novel genes are attached to the old network core in a
continuous way or they form relatively discrete domains (modules) of
their own. Also, it is important to understand how the deﬁnition of
housekeeping and tissue-speciﬁc genes, which is one of the central
concepts in functional genomics (e.g. [13–19]), can be reﬂected in thearchitecture of transcriptome network. Here I address these questions
using a new approach to analysis of human transcriptome network.
Results
Two main nexuses
The key approach of this work is the usage of average parameters
of one-step neighborhood ('AON') of a given gene in the transcrip-
tome coexpression network. The average one-step neighborhood
degree ('AON degree') is the average number of network neighbors,
which are possessed by genes belonging to one-step neighborhood of
a given gene. This parameter is similar in sense to the 'power' network
centrality measure, which estimates the general connectivity of a
node not only by its own number of neighbors (degree) but also by
degrees of its neighbors of different levels [20]. Therefore, the AON
degree is rather a measure of global than local centrality (or
something intermediate between the them). The AON degree turned
out the best parameter for revealing the large-scale nexuses of
transcriptome network (compared to other studied AON parameters).
Two distinct nexuses can be visualized even in the one-dimensional
histogram (Fig. 1). Hence, the AON approach can be considered as
reduction of network dimension. The mapping of gene evolutionary
origin showed that the outermost right, relatively homogeneous
nexus contains genes that appeared in the evolution mostly in the
period from the beginning of life to the metazoan stage (referred to as
'basic-eukaryotic') (Fig. 2). The second (more heterogeneous) nexus
is enriched in genes that emerged since the metazoan stage
('metazoan') (Fig. 2). (The lists of genes belonging to these nexuses
are provided in the Supplement.)
Fig. 1. Histogram of AON degree (the weighted average number of between-gene
expression links, which are possessed by genes in the one-step network neighbourhood of
a given gene) in human transcriptomenetwork. A - all tissues pooled (i.e. genes expressed
in any tissue), B - brain parietal lobe, C - bone marrow, D - promyelocytic leukaemia.
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tissues expression breadth (estimated by the number of tissues where
a gene is expressed) and a higher mean expression level compared tothe metazoan nexus (Fig. 3). However, albeit on average being more
widely expressed, most genes of the basic-eukaryotic nexus are not
expressed in all tissues. Thus, only 54% of genes of the basic-
eukaryotic nexus are expressed in the upper quartile of tissues, and
only 19% of genes are expressed in all studied tissues. At the same
time, many genes of the metazoan nexus are widely expressed
(Fig. 3). Thus, 22% of genes of themetazoan nexus are expressed in the
upper quartile of tissues, and 4% of genes are expressed in all tissues.
Noteworthy, no parameter previously used in the literature for
estimation of degree of tissue-speciﬁcity [14,17,19,21–27] can
produce similar peaks (Supplementary Fig. 1). Even on the histogram
of the number of tissues where a given gene is expressed (which
shows some bimodality), the most part of genes (above 70%) are
located in the continuum between the modes (Supplementary
Fig. 1F). In contrast, there are only 15% of genes in the intermediate
zone between the transcriptome nexuses (Fig. 1).
The (negative) correlation between the evolutionary origin and
the among-tissues expression breadth is barely tangible at the gene
level (Spearman r=-0.09, Pb10-4) but becomes much stronger at the
AON level (r=-0.66, Pb10-12). This fact indicates that expression
breadth of the transcriptome network domains (AONs) is more
evolutionarily conserved than expression breadth of individual genes.
Noteworthy, this trend is similar within the basic-eukaryotic nexus
taken separately (at the gene level, r=-0.05, Pb10-3; at the AON level,
r=-0.43, Pb10-8), yet it is much slighter within the metazoan nexus
(at the gene level, r=-0.03, Pb10-2; at theAON level, r=-0.10, Pb10-4).
Thus, expression breadth much weaker depends on the evolutionary
origin in the metazoan nexus than in the basic-eukaryotic nexus.
The mapping of Gene Ontology categories and KEGG/Reactome
biological pathways shows that the basic-eukaryotic nexus is enriched
in cell-centred categories, whereas the multicellularity-related cate-
gories are overrepresented in the metazoan nexus (Supplementary
Tables 1-8). It is noteworthy that the maximal fraction of genes
belonging to the basic-eukaryotic nexus is observed in the cancer
tissues (Fig. 1, Table 1), where the organismal-level constraints should
be minimal. Genes in the intermediate zone between the nexuses are
enriched in categories related to cell cycle (Supplementary Table 9).
The cohesiveness of revealed nexuses was further analysed using
the AON weight index (Pearson r-squared correlation coefﬁcient of
gene expression; see Materials and Methods), and the modularity
windowmoving along the AON degree axis (Figs. 4 and 5). They show
that the maxima of weight index and modularity density coincide
with peaks revealed in the AON degree histogram (Fig. 1). The direct
analysis of the within-nexuses and between-nexuses expression links
(at different cutoffs of correlation coefﬁcient) conﬁrms that these
nexuses present the real modules (Supplementary Table 10). At cutoff
rN0.4, there are only 0.5% of direct links between the nexuses. At
increasing the level of cutoff, the percentage of between-nexuses links
approaches zero.
The existence of two transcriptomenexuses suggests a dichotomy in
transcriptional regulation. This proposition was conﬁrmed using the
database of transcription factor targets (see Materials and Methods).
The expected numbers of genes in the gene sets of transcription factor
targets were determined for revealed nexuses on the ground of
proportion of a given gene set in the total dataset. The P-values for
overrepresentation of transcription factor targets in a given nexus
were determined using hypergeometric probability distribution. The
ratios of observed to expected numbers of genes in transcription
factor target sets were found to correlate negatively (and very
strongly) for the basic-eukaryotic versusmetazoan nexus (Fig. 6A). A
similar negative correlation was observed for P-values for overrep-
resentation of transcription factor targets in these nexuses (Fig. 6B).
Thus, the representation of transcription factor targets shows a sharp
asymmetry in the basic-eukaryotic versus metazoan nexus. After
correction for multiple comparisons, there were 77 transcription
factor target sets overrepresented in the basic-eukaryotic nexus, and
Fig. 2. Bivariate histogram of AON degree vs. AON evolutionary origin (ranked) in human transcriptome network.
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more complex transcriptional regulation in the latter nexus. Hence,
these tests based on the completely independent type of data
conﬁrm the dichotomy of transcriptional regulation between the
nexuses.
In a practical sense, it is interesting that a similar dichotomy can be
seen in regard to 'cancer modules', i.e. gene sets whose expression is
signiﬁcantly changed in a variety of cancer conditions (Fig. 7). After
correction for multiple comparisons, there were 98 cancer modules
overrepresented in the basic-eukaryotic nexus, and 121 modules
overrepresented in the metazoan nexus.
Nervous system-pronounced subnexus
The middle peak in the AON degree histogram (the right peak
within the heterogeneous metazoan nexus) is enriched in Gene
Ontology categories related to nervous system and cell communica-
tion (Table 2). In accordance with this observation, this peak is
pronounced in the nervous tissues, especially in the brain (Fig. 1,
Table 1). The other subnexuses within the metazoan nexus are
enriched in categories related to organismal reproduction and
responses to stimulus and wounding (Supplementary Table 11).
(This does not mean that these subnexuses contain genes mapped
only to these categories but these categories are overrepresented in
these subnexuses.)
To further investigate the nature of subnexuses within the
metazoan nexus, the contrast-test (see Materials and Methods) was
used to reveal Gene Ontology categories overrepresented in the more
important genes, i.e. genes that have the higher degree than genes in
their one-step neighbourhood. (In other words, these genes can be
considered as subnexus 'hubs'.) This test showed that the nervous
system-pronounced subnexus is centred on genes enriched in
categories related to nervous system, cell communication, and
multicellular organism processes and development (Table 3). The
hubs of the other parts of metazoan nexus are enriched in genes
related to organismal reproduction (Supplementary Table 12). The
contrast-test based on the moduling coefﬁcient (see Materials and
Methods) conﬁrmed the results of the hub-based analysis (Supple-mentary Tables 13,14). (At the same time, the usage of clustering
coefﬁcient did not reveal any overrepresented GO categories.)
On the plot of evolutionary origin, the nervous system-pronounced
subnexus is centred just after the metazoan stage (Fig. 2). It has an
intermediate among-tissues expression breadth (Figs. 2 and 5). This
subnexus shows the high cohesiveness, which is comparable to
cohesiveness of the basic-eukaryotic nexus according to the weight
index (Fig. 4) and is even higher according to the moving modularity
window method (Fig. 5).
Spectacularly, genes in the nervous system-pronounced subnexus
have a higher number of transcription factor targets per gene (Fig. 8).
Not only the number but also the diversity of transcription factors
targets is much greater in this subnexus. After correction for multiple
comparisons, there are 298 transcription factor target sets overrep-
resented in the nervous system-pronounced subnexus, whereas only
77 sets are overrepresented in the basic-eukaryotic nexus, and 70 sets
in the rest of the metazoan nexus (after exclusion of the nervous
system-pronounced subnexus). It should be emphasized that the
nervous system-pronounced subnexus contains 3-4-fold lower
number of genes compared to each other two main network part
(the basic-eukaryotic nexus and the metazoan nexus after exclusion
of the nervous system-pronounced subnexus). Therefore, the density
of overrepresented transcription factor targets (normalized to gene
number) is about 15-fold higher in the nervous system-pronounced
subnexus compared to the other network parts. Similarly, there were
13 overrepresented regulatory microRNA target sets in the nervous
system-pronounced subnexus and no such sets in the other network
parts. The nervous system-pronounced subnexus contains about 20%
more microRNA targets per gene compared to the rest of the network
(5.4±0.4 vs. 4.6±0.1, Mann-Whitney Pb10-7). Also, protein-coding
sequences is about 20% longer in the nervous system-pronounced
subnexus than in the rest of the network (2017±96 vs. 1705±27,
Pb10-11). The ratio of intronic sequence length to coding sequence
length is about two-fold higher in the nervous system-pronounced
subnexus (61.9±7.3 vs. 32.3±1.2, Pb10-12). These facts indicate that
genes are longer and their regulation complexity is higher in the
nervous system-pronounced subnexus compared to the rest of the
network.
Fig. 3. Bivariate histogram of AON degree vs. AON among-tissues expression breadth (A), and AON mean expression level (ranked) (B) in human transcriptome network.
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The systems biology can substantially renew our concepts derived
from previous genomics studies where the function of a gene was
analysed independently of other genes (even if at the genome-wide
scale). As a notable example, it is demonstrated recently that the
cellular state of a humanmyeloid leukaemia cell line is determined by
complex transcription networks, and no single transcription factor is
both necessary and sufﬁcient to drive cell differentiation [28].
The dichotomy of housekeeping and tissue-speciﬁc genes is one of
the central concepts of functional genomics (e.g. [13–19]). The sets of
housekeeping genes (i.e. gene expressed in all tissues) are often used
for standards in the expression measurements [16,17,29–31]. Simi-
larly, the tissue-speciﬁc markers are frequently studied for various
experimental and medical purposes (e.g., for estimation of celldifferentiation or disease state) [32–34]. But beyond these practical
aims, the concept of housekeeping versus tissue-speciﬁc genes meets
with difﬁculties in the genome-wide analyses. For instance, tissue-
speciﬁc genes do not form a clear-cut peak on the histogram of genes
expressed in a separate tissue, but instead they show a continuum
with gradually increasing tissue-speciﬁcity [21]. Therefore, delimita-
tion of tissue-speciﬁc genes at the genome-wide scale is arbitrarily
(e.g. [19,21,23]). The deﬁnition of housekeeping genes is also
amorphous. Thus, cellular metabolism is generally perceived as
housekeeping activity but it was shown recently that human cellular
metabolic networks can be tissue-speciﬁc [35].
The present analysis reveals the two large-scale nexuses in human
transcriptome network, which seem to present a natural genome-
wide dichotomy. These nexuses are similarly clear-cut both in the
histogram of all pooled tissues and in a separate tissue (Fig. 1). They
Table 1
Percentage of genes belonging to the basic-eukaryotic nexus and the nervous system-
pronounced subnexus in the exemplar tissues.
Tissue basic-eukaryotic nervous system-pronouncedsubnexus
brain parietal lobe 38.54 13.31
brain temporal lobe 37.40 13.30
amygdala 41.08 13.71
cerebellum 37.41 12.56
hypothalamus 42.29 12.76
spinal cord 41.18 11.22
superior cervical
ganglion
31.11 9.59
ciliary ganglion 32.32 9.64
heart 38.01 8.65
liver 37.47 8.11
kidney 38.52 8.46
lung 43.47 7.46
adipocyte 43.17 7.55
pancreas 42.32 7.13
skeletal muscle 34.52 9.01
skin 35.31 8.24
ovary 35.79 7.90
testis 41.01 7.76
bone marrow 42.90 7.10
colorectal adenocarcinoma 47.35 7.19
promyelocytic leukaemia 49.25 5.97
leukaemia lymphoblastic 49.28 6.25
lymphoma burkitts Daudi 46.20 7.13
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related Gene Ontology categories and KEGG/Reactome biological
pathways (Supplementary Tables 1-8) and a clear relevance to natural
history (Fig. 2). These nexuses bear some relation to the concept of
housekeeping and tissue-speciﬁc genes. However, there are signiﬁ-
cant differences. It is a usual practice to apply the term 'housekeeping'
only to those genes that are expressed in all tissues, not just to the
widely expressed genes (e.g. [13,14,16–18]). Albeit on average being
more widely expressed, the most genes of the basic-eukaryotic nexus
are not expressed in all tissues (i.e. there are their tissue-speciﬁc
repertoires). At the same time, many genes of the metazoan nexus are
widely expressed (with several percents of them being expressed inFig. 4. Bivariate histogram of AON degree vs. AON weight index (Peaall tissues). No parameter previously used for estimation of the degree
of tissue-speciﬁcity [14,17,19,21–27] can produce similar peaks. These
facts support the conclusion that these nexuses present a phenom-
enon different from the housekeeping versus tissue-speciﬁc genes
continuum.
The obtained results suggest that themain genome-wide dichotomy
is not of housekeeping and tissue-speciﬁc genes but rather of the basic-
eukaryotic (cell-centred) versus metazoan (organism-centred) tran-
scriptome nexuses. It seems that the origin of multicellularity was
accompanied by emergence of a special organism-centred nexus. The
existence of two nexuses is supported by the asymmetry in distribution
of transcription factor target sets between the nexuses, which indicates
dichotomy in transcriptional regulation. Therefore, these nexuses can
provide framework for further functional genomics studies. As an
example, the asymmetry of overrepresented cancer modules suggests
that variousmalignancies can be related to predominantderegulation in
one of the nexuses.
It should be emphasized that these nexuses are formed by the
transcriptional control of gene expression. (Noteworthy, networks of
protein interactions may differ from transcriptome networks.)
Neither the evolutionary origin nor the among-tissues expression
breadth taken separately can univocally characterize them. The basic-
eukaryotic nexus also contains genes of metazoan origin, whereas the
metazoan nexus is only relatively enriched in genes of metazoan
origin. It is the unique combination of evolutionary origin, functional
properties (cell-centred vs. organism-centred) and expression
breadth that are characteristic for these nexuses. At the domain
(AON) level, these nexuses are better separated by evolutionary origin
than by expression breadth (cf. Figs. 2 and 3A). Hence the proposed
terms are based on the evolutionary origin. It also should be noted
that the correlation between expression breadth and evolutionary
origin is very weak at the gene level (r=-0.09), which seems to be
contrary to intuitive expectation. It becomes considerable only at the
AON level (r=-0.66). Thus, a correspondence between tissue-
speciﬁcity and evolutionary history seems to exist only in regard to
expression modules.
Because the development and functioning of multicellular organ-
isms is regulated not only by the genome but also by the nervousrson correlation r-squared, %) in human transcriptome network.
Fig. 5. The modularity proﬁle of human transcriptome network. The AON-degree
window was moving with the one-gene step along the AON-degree axis. The
modularity of each moving window is plotted against the mean AON degree of all
genes belonging to this window. The moving window is equal to 1000 genes (A), 2000
genes (B), and 3000 genes (C). (There are 16533 gene points along the AON degree axis.
The standard error is comparable with the line width.).
Fig. 6. Plot of the ratios of observed to expected (in the case of homogenous distribution
within the dataset) numbers of genes in the gene sets of transcription factor targets in
the basic-eukaryotic vs. metazoan nexus, r=-0.96, Pb10-20 (A). Plot of P-values
(ranked) for overrepresentation of transcription factor targets in the basic-eukaryotic
vs. metazoan nexus, r=-0.96, Pb10-20 (B).
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genomic networks and the neural regulatory circuits. Of special
interest in this regard is the subnexus of metazoan nexus, which is
pronounced in the nervous tissues (but not limited to them). It is
enriched in genes involved in nervous system, cell communication,
and multicellular processes and development. This subnexus has the
higher network cohesiveness than the other parts of metazoan nexus.
It shows an intermediate expression breadth. The intermediately
expressed genes seem to have higher functional and regulatory
complexity compared to more narrowly or more widely expressed
genes [36]. Also, the longer introns suggest amore complex regulation
of gene expression [15,23,36,37]. These observations can be relevant
to the nervous system-pronounced subnexus. Compared to the rest of
network, this subnexus shows a greater number of transcription
factor targets per gene (Fig. 8), a much higher (∼15-fold) density ofoverrepresented transcription factor target sets, a greater number of
regulatory microRNA targets per gene, the longer protein-coding
sequences, and the higher ratio of intronic to coding sequence length.
These facts suggest that this subnexus is a core of genomic regulatory
complexity.
On the plot of evolutionary origin, the nervous system-pro-
nounced subnexus is centred just after the metazoan stage, i.e. it is
one of the most ancient parts of metazoan nexus (Fig. 2). The nervous
system originated very early in the evolution of metazoans, just after
the divergence of sponge and eumetazoan lineages [38,39]. Therefore,
it is tempting to suggest that this subnexus may present a connection
between the genome-driven and the nervous system-driven regula-
tion of organismal systems.Materials and Methods
Transcriptome network
The data on gene expression in 79 human tissues were taken from
the Gene Expression Atlas [40]. They present the results of high-
density oligonucleotidemicroarray experiments performed uniformly
for all tissues. The signals from probes on the chip corresponding to
the same gene were averaged; the samples representing the same
tissue were also averaged. Only probes that presented the well
characterized protein-coding genes (i.e. with links to Entrez Gene
[41]) were used (total 16554 genes). There were 72 normal and 7
cancer tissues. (For the full list of tissues see the Gene Expression Atlas
[40].) The among-tissues correlation of the log-transformed gene
expression levels was used for building of transcriptome network.
(The correlation with non-transformed values was also tested and
showed the similar picture.)
Fig. 7. Plot of the ratios of observed to expected numbers of genes in the cancer modules
in the basic-eukaryotic vs. metazoan nexus, r=-0.94, Pb10-20 (A). Plot of P-values
(ranked) for overrepresentation of cancer modules in the basic-eukaryotic vs.
metazoan nexus, r=-0.95, Pb10-20 (B).
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The studied parameters (evolutionary origin, expression breadth,
expression level, weight coefﬁcient) averaged over the one-step
network neighborhood of a given gene (referred to as 'average one-
step neighborhood', or 'AON') were used as the key indicators in the
analysis. In other words, the AON parameters can be considered as
parameters of the network domain, which is related to a given gene.
All pairwise correlations of expression levels with Pearson correlation
coefﬁcient rN0.4 were taken as between-gene expression links for
determination of these one-step neighborhoods. However, they were
used weighted (with Pearson r-squared as weight value) for
calculation of AON parameters. The goal was to obtain the maximum
number of between-gene expression links but to take into account the
strength of the links as well. There were 16533 genes in the obtained
network, i.e. almost all genes were included. In fact, the usage of
unweighted links or non-squared r-values as weights gives similar
results. The results with the r-squared weights were chosen for
presentation because it is the usual practice to estimate the strength
of the correlation by the r-square (as it is the fraction of variance
explained by this correlation.) It is reasonable to take each expression
link weighted in accordance with its strength. (In general, the
exploration of the range of weights is preferable to the study of the
range of correlation coefﬁcient cutoffs, with the advantages that a
greater number of genes can be included in the analysis and the
differences in the strengths of coexpression links are accounted for.) It
should also be emphasized that the main noise-removing factor in the
AONmethod is the averaging of studied parameters over the one-step
neighborhood of a given gene, which makes the effect of spurious
correlations negligible.
The weighted average number of between-gene links, which are
possessed by genes located in the one-step network neighbourhood ofa given gene ('AON degree') turned out the best indicator for revealing
the large-scale nexuses of human transcriptome network (compared
to other studied AON parameters). The other parameters were as
follows: the average evolutionary origin of genes in the one-step
neighborhood ('AON evolutionary origin'), the average number of
tissues where genes located in the one-step neighbourhood are
expressed ('AON number of tissues'), the average mean across-tissues
expression level ('AON expression level'), and the average Pearson
correlation r-squared ('AON weight index', which characterizes the
strength of between-gene expression links). For estimation of the
number of tissues where a given gene is expressed, a conservative
threshold of the global dataset median was used (as was recom-
mended on the ground of extensive PCR-validations of these
oligonucleotide microarray studies [40,42]).
The large-scale network modularity in the window moving along
the AON-degree axis was determined as it was done previously for
centrality axes of protein interaction networks [43]. Brieﬂy, the AON-
degree window of a given size (i.e. given number of genes) includes
genes that are adjacent in their AON-degree values. The AON-degree
window was moving with the one-gene step along the AON-degree
axis. The modularity of the moving window was plotted against the
mean AON degree of all genes belonging to this window (in Fig. 5).
The modularity measure was determined as a weighted average
fraction of degrees (numbers of genes in the one-step neighborhood)
of all genes belonging to the AON-degree window, which is restricted
within this window (i.e. realized by between-gene expression links
within this window). It is calculated as the number of between-gene
expression links within the window multiplied by two (to account
each internal, within-window link for both its genes), and divided by
the total degree of all genes belonging to this window.
By analogy with the window modularity, the 'moduling coefﬁ-
cient', which characterizes the modularity of each node neighbour-
hood, was calculated. It estimates the relative density of links within a
node neighborhood, i.e. the proportion, which links that are restricted
within the neighborhood, constitute from the total number of links
belonging to neighborhood nodes. In contrast to the conventional
clustering coefﬁcient (i.e. the number of links within one-step
neighbourhood divided by the maximum number of links that could
possibly exist within this neighbourhood), the moduling coefﬁcient
measures modularity relatively to the neighbourhood connection to
the rest of network, not relatively to the theoretical upper limit that
could possibly exist within this neighbourhood. In other words, it is
less mathematical and more biological. For instance, it turned out
more productive in revealing the overrepresented Gene Ontology
categories (see Results section.)
Evolutionary origin
Gene evolutionary origin was determined as described [44].
Brieﬂy, this determination was based on the COG (KOG) orthologous
gene groups [45,46] as presented in the STRING database with
addition of NOG orthologous gene groups [47], and the NCBI
phylogenetic tree [48]. The twelve evolutionary stages were taken,
determined by the following phylogenetic branching: cellular organ-
isms, Eukaryota, Fungi/Metazoa group, Bilateria, Coelomata, Chor-
data, Vertebrata, Tetrapoda, Amniota, Mammalia, Eutheria, Primates.
A human gene was regarded as appearing at a corresponding
evolutionary stage if it had relatives in the same COG (KOG, NOG)
group in the phylogenetic lineages branched off after this stage and
there were no relatives in the lineages branched off earlier.
Functional analysis
The overrepresented Gene Ontology categories [49], and KEGG and
Reactome biological pathways [50,51] were determined using the
hypergeometric distribution of probability as described [36], with
Table 2
Gene Ontology Biological Processes overrepresented in the nervous system-pronounced subnexus (as compared to the total metazoan nexus). (Only GO categories with above 20
genes in the total dataset are presented.)
Category ID Category name N-sample Ratio q-value
GO:0007399 nervous system development 163 2.022 1.89E-09
GO:0007268 synaptic transmission 68 2.079 2.38E-07
GO:0019226 transmission of nerve impulse 73 2.002 2.38E-07
GO:0051641 cellular localization 86 1.880 2.38E-07
GO:0016043 cellular component organization and biogenesis 206 1.451 2.67E-07
GO:0051179 localization 322 1.303 1.02E-06
GO:0051649 establishment of localization in cell 79 1.857 1.35E-06
GO:0016192 vesicle-mediated transport 58 2.003 7.08E-06
GO:0006810 transport 276 1.303 1.71E-05
GO:0051234 establishment of localization 280 1.292 2.73E-05
GO:0007417 central nervous system development 55 1.923 5.66E-05
GO:0001505 regulation of neurotransmitter levels 21 2.938 1.19E-04
GO:0048699 generation of neurons 56 1.843 1.82E-04
GO:0007264 small GTPase mediated signal transduction 38 2.126 1.87E-04
GO:0022008 neurogenesis 58 1.813 1.87E-04
GO:0007154 cell communication 382 1.201 2.43E-04
GO:0006836 neurotransmitter transport 25 2.543 2.43E-04
GO:0007242 intracellular signaling cascade 128 1.424 6.55E-04
GO:0032940 secretion by cell 24 2.398 1.23E-03
GO:0007269 neurotransmitter secretion 12 3.534 1.34E-03
GO:0045184 establishment of protein localization 53 1.744 1.34E-03
GO:0015031 protein transport 53 1.744 1.34E-03
GO:0030182 neuron differentiation 43 1.865 1.34E-03
GO:0033036 macromolecule localization 61 1.665 1.38E-03
GO:0008104 protein localization 59 1.659 2.05E-03
GO:0007267 cell-cell signaling 102 1.434 2.98E-03
GO:0048468 cell development 73 1.518 5.32E-03
GO:0006996 organelle organization and biogenesis 98 1.417 6.32E-03
GO:0046907 intracellular transport 52 1.607 1.18E-02
GO:0007010 cytoskeleton organization and biogenesis 62 1.521 1.57E-02
GO:0016044 membrane organization and biogenesis 35 1.764 1.87E-02
GO:0048731 system development 215 1.219 1.99E-02
GO:0006887 exocytosis 15 2.469 1.99E-02
GO:0000904 cellular morphogenesis during differentiation 28 1.887 1.99E-02
GO:0048666 neuron development 32 1.790 2.24E-02
GO:0032012 regulation of ARF protein signal transduction 8 3.443 3.00E-02
GO:0048812 neurite morphogenesis 26 1.865 3.47E-02
GO:0006886 intracellular protein transport 26 1.841 3.93E-02
GO:0031175 neurite development 28 1.801 3.93E-02
GO:0010324 membrane invagination 26 1.841 3.93E-02
GO:0006897 endocytosis 26 1.841 3.93E-02
N-sample - the observed number of genes in a GO category in the subnexus;
Ratio - the ratio of observed to expected numbers of genes in a GO category in the subnexus;
q-value - false discovery rate (p-value corrected for multiple comparisons).
352 A.E. Vinogradov / Genomics 95 (2010) 345–354correction for multiple comparisons according to [52]. For each GO
category, I collected all its subcategories using Gene Ontology directed
acyclic graphs, and a gene was regarded as belonging to a given
category if it was mapped to any of its subcategories in Entrez Gene
[41].
The other type of analysis of overrepresented GO categories with
the use of quantitative parameters (contrast-test) was done as
described [44]. Brieﬂy, the average value of parameter under question
for the gene set belonging to a given GO category was compared with
the average value of the total dataset. The main tested parameter was
the ratio of a given gene degree (number of its one-step neighbours)
to its AON degree. In other words, this parameter emphasizes those
genes (and GO categories) that have higher degree than genes in their
one-step neighbourhood (i.e., these genes can be considered as
network 'hubs'). The other tested parameters were the moduling and
the clustering coefﬁcients. For evaluation of statistical signiﬁcance,
20000 random samplings were taken from the total dataset (of a size
equal to the size of a tested gene group). The correction for multiple
comparisons was done according to [52].
The data on transcription factor targets (615 gene sets), regulatory
microRNA targets in 3'-UTR (222 gene sets), and 'cancer modules'
(456 gene modules) were taken from the Molecular Signatures
Database [53]. A cancermodule is a set of geneswhose expressionwas
signiﬁcantly changed in a variety of cancer conditions, which wasestablished on the ground of analysis of about two thousands cancer-
relatedmicroarray datasets [54]. The analysis of overrepresentation of
these gene sets was done similarly to analysis of overrepresented
Gene Ontology categories and KEGG/Reactome biological pathways.
The expected numbers of genes in the tested gene sets were deter-
mined for revealed nexuses on the ground of proportion of a given
gene set in the total dataset. The P-values for overrepresentation of
the tested gene sets in a given nexus were determined using
hypergeometric probability distribution.
The chromosome sequences for determination of coding and
internal intronic (i.e. introns located within the coding sequence)
sequence lengths were taken from the RefSeq database [55].Acknowledgments
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Table 3
Gene Ontology Biological Processes overrepresented for the ratio of a gene degree to its AON degree (which emphasizes the network hubs) in the nervous system-pronounced subnexus.
Category ID Category name Contrast N-category q-value
GO:0032501 multicellular organismal process 0.117 342 0.00E+00
GO:0051179 localization 0.104 311 0.00E+00
GO:0048731 system development 0.130 212 0.00E+00
GO:0007399 nervous system development 0.221 163 0.00E+00
GO:0022610 biological adhesion 0.192 94 0.00E+00
GO:0007155 cell adhesion 0.192 94 0.00E+00
GO:0007010 cytoskeleton organization and biogenesis 0.244 63 0.00E+00
GO:0019226 transmission of nerve impulse 0.250 73 0.00E+00
GO:0007268 synaptic transmission 0.259 69 0.00E+00
GO:0006810 transport 0.100 267 3.35E-03
GO:0007275 multicellular organismal development 0.105 250 3.35E-03
GO:0048856 anatomical structure development 0.118 224 3.35E-03
GO:0022603 regulation of anatomical structure morphogenesis 0.582 10 3.35E-03
GO:0051234 establishment of localization 0.101 271 6.09E-03
GO:0016043 cellular component organization and biogenesis 0.115 203 8.62E-03
GO:0050877 neurological system process 0.168 102 1.09E-02
GO:0001505 regulation of neurotransmitter levels 0.374 21 1.09E-02
GO:0003008 system process 0.145 118 1.51E-02
GO:0050767 regulation of neurogenesis 0.495 11 1.51E-02
GO:0032502 developmental process 0.088 285 2.34E-02
GO:0003001 generation of a signal involved in cell-cell signaling 0.460 12 2.34E-02
GO:0007269 neurotransmitter secretion 0.460 12 2.34E-02
GO:0050770 regulation of axonogenesis 0.532 9 2.51E-02
GO:0007417 central nervous system development 0.207 54 3.49E-02
GO:0006836 neurotransmitter transport 0.310 25 3.49E-02
GO:0051258 protein polymerization 0.558 7 3.62E-02
GO:0016050 vesicle organization and biogenesis 0.593 6 3.91E-02
GO:0007158 neuron adhesion 0.694 4 3.91E-02
GO:0051128 regulation of cellular component organization and biogenesis 0.272 28 4.85E-02
Contrast - difference between the average value of genes in a given GO category and the average value of the total dataset;
N-category - number of genes in a GO category;
q-value - false discovery rate.
Fig. 8. Bivariate histogram of AON degree vs. AON number of transcription factors per gene (ranked) in human transcriptome network.
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